
Towards Seasonal Predictions of ���
Regional Hurricane Activity	


Hypothesis: Enhanced resolution & corrected large-scale climate ���
improve simulation and prediction of regional climate & extremes.	


	

Practical Goal: Build a seasonal to multi-decadal forecasting system to:	


•  Yield improved forecasts of large-scale climate	

•  Enable forecasts of regional climate and extremes	


NOAA/GFDL Climate Variations and Predictability Group	




Outline	

• Motivation	


• Development of prediction model: ���
focus on high atmospheric resolution	


• Phase 1 of retrospective forecasts:���
ocean/sea ice initialize	


• Next stages	




Why make predictions?	


• Pragmatic reasons: skillful predictions help support 
decisions by providing glimpses of the future.	


• Scientific reasons: prediction is a fundamental 
element of scientific method, providing tests to 
hypotheses underlying them.	




U.S. Landfalling���
Hurricanes	


Basinwide	

Hurricanes	


Fraction of ���
Basinwide	

Hurricanes	

Making U.S.	


Landfall	


Vecchi and Knutson (2011, J. Clim.); Villarini et al. (2012, J. Clim.)	




Evolution of initial state of ocean/atmosphere.  
Need good models and observations of  
present and past 

 
 

Climate response to forcing  
(e.g., CO2, soot/dust, sun, volcanoes, land use) 
need good models and estimates of forcing 
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Sources of & Limitations on Climate Predictability	


Predictability has inherent limits: need to be probabilistic.	




Elements of Climate Prediction System of Systems	

Global climate observing system:	

Sparse observations of many 
quantities across globe.	


Dynamical modeling system:	

Allows forward integration from 
present state, including expected 
changes in radiative forcing.	


Data assimilation system:	

Combines sparse observations with 
model, to estimate present state. 
Usually based on dynamical model.	


Analysis and dissemination system:	

Take output from predictions and 
produce “useful” information, 
communicate predictions.	
Image source: http://iridl.ldeo.columbia.edu	


Image sources: NOAA/PMEL and���
Argo.ucsd.edu	




Predictions of Basinwide Hurricane Activity	


Vecchi and Villarini (2014) 

Statistical, dynamical and hybrid 
statistical-dynamical schemes 

regularly (and skillfully) predict 
seasonal hurricane activity.	




Even though 2013 has poor deterministic skill: ���
Prediction PDF appears relatively well calibrated	


 

 
 
Figure 2: Graphical assessment of probabilistic skill of HyHuFS. Horizontal axis indicates the cumulative 
probability of the observed number of Atlantic hurricanes based on the predicted PDF (verification exceedance 
probability), vertical axis shows the order of the verification cumulative probability divided by the total 
number of points. For large sample size, a “perfectly” calibrated forecast PDFs are expected to result in all the 
points lying on the diagonal – indicating that the verification was a Uniform random draw from the PDFs that 
were predicted. Orange symbol highlights the March 2010 forecast of 2010, the green symbol the March 2011 
forecast of 2011, and in the upper panel the violet symbol is the March 2012 forecast of 2012. Upper panel 
shows values from forecasts initialized with v3.1 GFDl-CM2.1 EnKF, lower panel shows values from 
forecasts initialized with (the now defunct) v1.0 GFDL-CM2.1 EnKF. 
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2013	


Blue: prior to 
publication of method	

Colors: post-publication 
(2010-2012)	


Update of ���
Vecchi et al. (2011)	


Make PDF, not 
mode, of TC 

activity the target	




Correct predictions of basin-wide active 2010���
 but not of U.S. landfall absence	


Can we reliably predict statistics of storms 
more regionally than “basin-wide”?	


Vecchi and Villarini (2014) 



Different “types” of Atlantic storms exhibit different 
relation to large-scale variations	


the separation of the historical tracks, genesis points,
and landfall points between each of the four clusters and
reveals a meridional and zonal separation between them.
Storms in clusters 1 and 2 tend to form farther north than
cluster 3 and 4 storms, and storms in clusters 1 and 3 tend
to form farther east than cluster 2 and 4 storms. Cluster 2
storms form almost exclusively in the Gulf of Mexico
and westernmost Caribbean and typically have a pro-
nounced northward component in their tracks. Cluster 1
storms form farther east but also tend to have a pro-
nounced northward track component. Essentially all clas-
sic ‘‘Cape Verde hurricanes’’—such as Cleo (1958), Allen
(1980), Gilbert (1988), and Ivan (2004)—are found in
either cluster 3 or 4, depending on their longitude of

cyclogenesis. Compared with cluster 4 storms, which tend
to maintain their primarily westward track until landfall,
cluster 3 storms are more likely to ‘‘recurve,’’ which de-
scribes the evolution of a storm track from westward and
northward to eastward and northward (e.g., Hodanish
and Gray 1993).

b. Storm characteristics

Table 1 summarizes various measures of activity for
each of the four clusters shown in Fig. 1. Of the 623
tropical storms in the period 1950–2007, 356 are mem-
bers of clusters 1 and 2 and 267 are classified within the
more tropical systems of clusters 3 and 4. A significantly
larger proportion of cluster 3 and 4 storms intensify to

FIG. 1. North Atlantic tropical storm and hurricane tracks, genesis locations, and landfall locations during the period 1950–2007, as
separated by the cluster analysis.
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conditions), but these relationships have low confidence
(p . 0.2). Alternatively, the rates of cluster 3 and 4
storms decrease significantly with increasing Niño 11 2
index. As the seasonal mean of standardized monthly
Niño 1 1 2 anomalies vary between 21.5 and 13.5
standard deviations, the expected rate of cluster 3 storms
increases by a factor of ;5 and the expected rate of
cluster 4 storms increases by a factor of ;6.

3) MULTIVARIATE RATE MODEL

As a logical next step, we now consider how the rates
within each cluster are modulated in combination with
both AMM and ENSO. To capture the increasing trend
in rates, as discussed in section 3, time (Year) is included
as a third model covariate (the AMMand ENSO indices
do not contain significant linear trends over the period

1950–2007). The results of the regressions are shown in
Table 4. As suggested by the SST composites (Fig. 9),
cluster 1 and 2 storm rates exhibit essentially no de-
pendence on these climate covariates. The p values for
the AMM and ENSO covariates range from 0.24 to 0.42
and the coefficient estimates are generally near zero. In
comparison, the annual rates of cluster 3 and 4 storms
are more strongly dependent on the AMM and ENSO
as well as year. As expected, rates increase substan-
tially with increasing AMM and decreasing Niño 1 1 2
indices.
For each cluster, the model provides an expected rate

for each year in the period 1950–2007 based on the an-
nual values of the covariates. The Poisson cumulative
distribution functions associated with the 10th and 90th
percentiles of these expected rates are shown in Fig. 11.
The 10th (90th) percentile expected value is predicted
by the model when the environment—as measured by
the combined phases of the AMM and ENSO—is less
(more) conducive for cyclogenesis in the deep tropics.
For example, when the expected annual rate is at the
10th percentile, the model assigns only a 1%–2% prob-
ability of more than four cluster 3 storms and more than
two cluster 4 storms. In comparison, when the expected

FIG. 10. Expected annual rate, for each cluster, as a function of
(top)AMMand (bottom)Niño 11 2 indices. The indices are based
on hurricane season (June–November) means of standardized
monthly anomalies. The p value for each regression is shown in
parentheses.

TABLE 4. Poisson regression of annual North Atlantic storm rate
(for each cluster) onto the AMM and ENSO indices and year.
ENSO is measured with the Niño 1 1 2 index. The AMM and
ENSO indices are based on June–November means of monthly
standardized anomalies. The covariate year is also standardized.

Estimate
Std
error

z
value

Pr
(.jzj)

Cluster 1
(Intercept) 1.2415 0.0710 17.50 0.0000
AMM 0.0658 0.0817 0.80 0.4212
Niño 1 1 2 0.0860 0.0727 1.18 0.2366
Year 0.1156 0.0710 1.63 0.1032

Cluster 2
(Intercept) 0.9614 0.0816 11.79 0.0000
AMM 0.0902 0.0952 0.95 0.3436
Niño 1 1 2 20.1013 0.0945 21.07 0.2839
Year 0.0074 0.0799 0.09 0.9259

Cluster 3
(Intercept) 1.0538 0.0811 13.00 0.0000
AMM 0.3193 0.0895 3.57 0.0004
Niño 1 1 2 20.2925 0.0971 23.01 0.0026
Year 0.1351 0.0707 1.91 0.0562

Cluster 4
(Intercept) 0.2307 0.1249 1.85 0.0647
AMM 0.3279 0.1331 2.46 0.0137
Niño 1 1 2 20.4088 0.1518 22.69 0.0071
Year 0.1799 0.1048 1.72 0.0859

1 JUNE 2010 KOS S I N ET AL . 3069

Kossin, Camargo and Sitkowski (2010)	




GFDL FLOR: Experimental high-resolution coupled seasonal to 
decadal prediction system	


Delworth et al. (2012), Vecchi et al. (2014)	


Goal:	  Build	  a	  seasonal	  to	  decadal	  forecas0ng	  system	  to:	  
Yield	  improved	  forecasts	  of	  large-‐scale	  climate	  
Enable	  forecasts	  of	  regional	  climate	  and	  extremes	  

Medium���
resolution ���
(CM2.1)	


High resolution	

(CM2.5-FLOR)	


Precipitation in Northeast USA	


Modified version of CM2.5 (Delworth et al. 2012):	

•  50km cubed-sphere atmosphere	

•  1° ocean/sea ice (low res enables prediction work)	

~15-18 years per day. Multi-century integrations. 15,000+ model-years of 
experimental seasonal predictions completed and being analyzed.	




Structure of ENSO anomalies improved by atmospheric resolution	
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Hypothesis: Enhanced atmos./land resolution improves climate	


Figure 2: Scatter plot of pattern correlation between CM2.1(101-300) and observation(1982-

2000) (x-axis) and FLOR (601-1200) and observation (y-axis) for seasonal mean climate

(a) and standard deviation (c); and between CM2.5 (1-100) and observation (x-axis) and

FLOR and observation (y-axis) for seasonal mean climate (b) and standard deviation (d)

for precipitation, sea surface temperature, sea level pressure, zonal and meridional velocity

at 925hPa, 850hPa and 200hPa. Different colors indicate different seasons. Each symbol

represents a particular variable.
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Spatial	

Correlation	

Of Standard���
Deviation	


~5xAtmos Res.	
 4xOcean Res.	


Jia et al. (2014, J. Clim.)	
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Figure: Lakshmi Krishnamurthy	


Figure 2: Scatter plot of pattern correlation between CM2.1(101-300) and observation(1982-

2000) (x-axis) and FLOR (601-1200) and observation (y-axis) for seasonal mean climate

(a) and standard deviation (c); and between CM2.5 (1-100) and observation (x-axis) and

FLOR and observation (y-axis) for seasonal mean climate (b) and standard deviation (d)

for precipitation, sea surface temperature, sea level pressure, zonal and meridional velocity

at 925hPa, 850hPa and 200hPa. Different colors indicate different seasons. Each symbol

represents a particular variable.
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FLOR improves simulation of land Ts and Pr over CM2.1	


obs, pr
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Figure 1: Annual mean precipitation (a,b,c) and 2m air temperature (d,e,f) in observations
(1981-2010), FLOR (601-1200) and CM2.1 (101-300) control simulations; and the bias of
annual mean precipitation (g,h) and 2m air temperature (i,j) in FLOR and CM2.1. The
units of precipitation is mmday− 1. The units of temperature is Kelvin.
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Jia et al. (2014, J. Clim.)	




TC tracks in FLOR decent for a coupled model���
(better than CM2.5)	


Vecchi et al. (2014)	




Flux adjustment for predictions of regional TC activity	


• Hypothesis: Biases in large-scale climate degrade simulation and 
prediction statistics of regional and extreme climate, flux 
adjustment will lead to improvements – particularly at longer 
leads.	


• Methodology: FA version of FLOR with climatological (once 
computed, independent of model state) adjustment to 
momentum, freshwater and enthalpy fluxes to ocean.���
���
Repeat simulations and predictions with FLOR-FA, compare to 
FLOR.	


Vecchi et al. (2014, J. Climate).	




Large-scale biases in summer climate map onto some of TC biases	


Vecchi et al. (2014)	


SST	
 Shear	
 Potential Intensity	




TC tracks in free-running FLOR-FA improved over FLOR ���
particularly in North Pacific and North Atlantic	


Vecchi et al. (2014)	




TC density relation to NIÑO3.4 improved in FLOR-FA: ���
due to improvements in simulation of El Niño	


Vecchi et al. (2014)	




Structure of ENSO improves in FA, as does its phase-locking	


FLOR ���
-B01	


FA-���
SST+τ	


OBS	


Regression on NIÑO3 SSTA	


SST	
 Zonal Stress	
 Precip.	




Atmospheric resolution/FA and ENSO phase locking	


OBS	


CM2.1	


FLOR	


HiFLOR	


FLOR-FA	


HiFLOR-FA	


Artificially adjusting 
mean state biases 
improves phase 
locking of anomalies. 	

	

Appears in part 
related to onset: 
seasonality of WWEs 
improved…	




N. American precip improves from FA (look at E. and W. Texas)	




FLOR Seasonal Predictions (phase 1)	


•  1980-2013 retrospective forecasts (12-member ensemble)	


• Ocean & sea ice initialized from CM2.1 EnKF3.1 Assimilation	


• Atmosphere and land initialized from ensemble of AGCM (i.e., only 
information contained in SST and radiative forcing in atmos/land Ics)	


• Done with two versions of FLOR (A06 & B01, differ in ocean physics) 
– will discuss B01	


•  These retrospective forecasts and future real forecasts to be 
submitted to NMME starting March 2014	




Retrospective predictions of ASO SST no worse in FLOR-FA 
than FLOR – both somewhat better than CM2.1	


Vecchi et al. (2014)	


CM2.1	
 FLOR	
 FLOR-FA	


1981-2012 correl. of Aug-Oct SSTA predictions	




100 days of single ensemble of 10-m v from CM2.5-FLOR initialized 1-Aug-2005 	


4xdaily 1-Aug through 8-Nov 2005	




FLOR-FA is among best NA hurricane seasonal prediction systems���
(symbol above diagonal: FLOR-FA nominally ‘better’)	
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Other systems	

Vecchi et al. (2014)	




GFDL-FLOR 1981-2012 1-July Initialized Forecasts for July-December	


Rank correlation: Can experimental FLOR forecasts distinguish years with many 
and few storms passing within 10°x10° of a point. 

Can we reliably predict statistics of storms more regionally than 
“basin-wide” number?	


Vecchi et al. (2014, submitted) 



FLOR-FA outperforms FLOR at predictions of regional ���
(and basinwide) TC activity – particularly at long leads	


Vecchi et al. (2014)	




Increasing ensemble size from 12 to 48 improves regional TC predictions	




***EXPERIMENTAL RESEARCH PRODUCT – NOT AN OFFICIAL OUTLOOK *** ���
Experimental seasonal TC density forecasts with GFDL-FLOR-FA���

(Vecchi et al. 2014, J. Clim. in press)	


Forecasts of 2014 TC density anomaly with GFDL-FLOR-HAD13 ���
initialized 1-April-2014 and 1-July 2014.	

Contour: all values	

Shade: locations with significant retrospective correlation	
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Towards	  seamless	  (or	  “lightly	  s0tched”)	  weather-‐to-‐centennial	  
TC	  changes	  in	  high-‐resolu0on	  global	  coupled	  models	  
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CM2.5 Tropical storm density response to CO2 doubling	


Fewer	

storms	


More	

storms	


(Kim et al. 2014)	




Seamless predictions: 5-7 days forecasts of Sandy with ���
GFDL coupled model similar to FLOR	


Forecasts initialized 7 & 8 days before landfall capture track	


Xiang et al. (2014, ���
MWR, in press)	




Summary	


•  Increased atmospheric and land resolution, and better land model:���
Yields improved forecasts of large-scale climate���
Enables simulation and forecasts of regional climate and extremes	


•  Skillful seasonal predictions of TC activity at regional scales appear 
feasible���
Large (many 10s) ensembles appear desirable	


•  Flux adjustment improves simulation and seasonal prediction of 
regional and climate extremes. ���
FA adds one season to skill in regional TC prediction ���
For what problems is FA a net negative?	




Next Steps	


• Higher resolution to get to intensity	


HiFLOR (25km version of FLOR)	


Murakami et al. (2015, in prep.)	




HiFLOR: doubling atmospheric resolution of FLOR (cost 6x) allows us 
model to simulate Cat. 4-5 TCs (most destructive storms)	




HiFLOR prototype NOAA-GFDL prediction model recovers 
Cat. 4-5 history…experimental predictions encouraging…	


Murakami et al. (2015, in prep.)	


July Predictions	


36-member ensemble���
forecasts run on Titan ���
(175,968 processors)	




Global TC frequency decrease in response to ���
2xCO2 in 0.5° FLOR and FLOR-FA���
no change in 0.25° HiFLOR – why?	
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Vecchi et al. (2015, in prep.)	




Global TC frequency decrease in response to ���
2xCO2 in 0.5° FLOR and FLOR-FA���
no change in 0.25° HiFLOR – why?	
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Vecchi et al. (2015, in prep.)	




Increase in 
intensity from 
CO2 doubling 

in hiFLOR	


Vecchi et al. (2015, in prep.)	




Density increase of Cat 3-4-5s in all basins	


Vecchi et al. (2015, in prep.)	




Next Steps	

• Higher resolution to get to intensity	


• Atmospheric initialization	


September-November	

50hPa heights	


June-August	

Surface temperature	


Atmosphere & Ocean Init	
Ocean Init	


Analysis: Liwei Jia	


Analysis: Xiaosong Yang	




Next Steps	


• Higher resolution to get to intensity	


• Atmospheric initialization	


• Assimilation built on FLOR:���
Goal: initial state in better balance (reduce drift)���
Computationally expensive	




Next Steps	


• Atmospheric initialization	


• Higher resolution to get to intensity	


• Assimilation built on FLOR	


• Make predictions explicitly probabilistic :���
How do we build an error model?	




Next Steps	

• Atmospheric initialization	


• Higher resolution to get to intensity	


• Assimilation built on FLOR	


• Make predictions explicitly probabilistic	


• Higher “top”: what is the role of stratospheric processes in the 
variation/change and prediction of extremes?	
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